Introduction
The biological vision system is one of the main means humans use to explore the world and performs complex functions in a considerably natural fashion, such as the analysis, interpretation, recognition and classification of patterns. A large number of studies have attempted to produce models with the same efficiency as the biological system. However, this task is highly complex, especially with regard to transposing the quantification and qualification of information represented in different domains, such as intensities of gray scales, edges, contours and textures. These attributes are produced naturally by the human vision system when the signal being assessed is an image [1] .
The exemplification of such difficulties is perceived in the process of assessing cardiac rejection, which the International Society for Heart and Lung Transplantation [2] standardizes in four grades (0R; 1R; 2R; 3R), among which grade 2R merits particular attention. For pathologists, there is a spectrum ranging from small points of inflammation involving one or two injured cells to a large degree of inflammatory infiltrate, with the injury of muscle cells. Even after the aforementioned standardization, the difficulty in diagnosing grade 2R involves the presence of muscle cell injury. Consequently, some diagnostic centers do not treat 2R patients and recommend monitoring with repeated biopsies at one-to-two-week intervals. Thus, cardiac rejection remains an issue of uncertainty and studies should be carried out with the aim of understanding and minimizing the difficulties involved.
Models employing methods that behave similarly to natural phenomena can assist in the quantification, understanding and diagnosis of cardiac rejection. For such, the fractal dimension and lacunarity are potential alternatives as natural descriptors of shapes and textures [3] [4] [5] . The efficiency of the fractal dimension and lacunarity is enhanced when combined with one of the most interesting properties of objects in nature -the presentation of different characteristics when observed on different scales. This association is known as the multi-scale fractal signature. However, the quantification and understanding of cardiac rejection using fractal methods depends on the appropriate segmentation of the region of interest.
Segmentation is one of the first steps in the digital processing of images, as it allows the separation of an object into parts based on a uniformity criterion [6] . In order to obtain high-quality segmentation, digital image processing systems primarily use thresholding, which consists of determining an intensity value at which an object is best distinguished from the background. In the literature, there are different automatic thresholding methods based on different criteria [7] [8] [9] [10] [11] [12] . In many cases, however, a single threshold is not sufficient in furnishing adequate segmentation for the entire image. In such situations, variable and multilevel thresholding methods are administered. Aboud Neta [13] proposes one such method, but its sensitivity leads to high rates of non-significant thresholds, which can compromise the assessment of the image.
This paper defines a model for quantifying cardiac rejection made up of an automatic multilevel thresholding method based on maximum entropy and multi-scale fractal techniques. The method allows determining appropriate thresholds for the segmentation of regions of interest in myocardial biopsies and the quantification of these regions using the fractal dimension and lacunarity. This important model furnishes significant results, enabling a better understanding of behavior on each rejection level.
Methods
To facilitate the understanding of the proposed model, Subsection 2.1 describes the automatic multilevel thresholding method for the separation of the regions of interest and Subsection 2.2 describes the multi-scale fractal methods used to measure the complexity of the segmented regions.
Automatic multilevel thresholding method
The automatic multilevel thresholding method determines the threshold based on the identification of maximum entropy by comparing the entropies in different regions of the histogram of the image in question. This method is an improvement over the approach proposed by Aboud Neta [13] , allowing better control over the thresholds identified. For such, properties were added to the method cited, such as the division of the histogram into classes, analysis of the slope percentages and the determination of the threshold by the calculation of maximum entropy.
Quantification of Histogram.
The first step in segmentation is to determine the histogram of the image to be studied. The histogram is then divided into classes. A class is one or more gray scale values that make up the histogram. For this division, it is necessary to predefine the class size. If the value informed is 1, the process analyzes each of the intensities of the histogram. For values greater than 1, the increment considered in the iteration process of the method is the predefined value. For instance, consider a class made up of 10 intensities and a histogram with 256 gray levels. The first class encompasses levels 0 to 9, the second encompasses 10 to 19, and so forth, totaling 25 classes will 10 levels of gray and one class with six levels (figure 1). The determination of thresholds based on valley analysis may be influenced by homogeneous regions in the histogram (with no valleys or with non-significant valleys). To solve this problem, the proposed method determines that a class is relevant if it has a slope percentage greater than a predefined value. This value can be adjusted to the type of image being studied. A slope percentage is the percentage difference between the means of the points in the first and second halves of the class being analyzed. Two or more classes are grouped together when the slope percentage is lower than the predefined value. This resource allows controlling the sensitivity of the method. A threshold is established when the slope percentage of the class is greater than the predefined value.
In the study of images of myocardial biopsies of transplant patients, the values used for the input parameters for segmentation were classes of size 10 and the slope was defined at 35%. These values proved sufficient for the appropriate segmentation of the regions of interest.
Threshold identification using maximum entropy.
For each relevant class identified to define a valley, a threshold is calculated based on entropy, considering a probability of an intensity correctly segmenting a given group of objects. For such, the image is taken as the result of a random process in which probability p corresponds to the probability of a pixel in the image taking on an intensity value i (i=1,..,n) [8] , as shown in equations (1) and (2). The intensity or gray level of the class with the greatest entropy is identified as a threshold.
which H is the entropy of the image; n is the total number of outputs (number of gray levels in the image); p i is the probability of gray level i being found in the image; n i is the number of pixels with intensity i; and N is the total number of pixels in the image.
Quantification of regions of interest
The texture in an image is characterized by the repetition of a model over a region; the model may be repeated exactly or with slight variations [6] . The analysis of texture allows distinguishing regions with the same reflectance characteristics, which is a process used for the recognition, analysis, description and classification of digital images. There are different approaches to the study of texture described in the literature [6] . The approach presented here is the quantification of textures in images of myocardial biopsies from heart-transplant patients using more natural methods, such as the fractal dimension and lacunarity.
Fractal dimension.
The fractal dimension is defined as a measure of the complexity of objects. When applied to textures, this measure allows quantifying the complexity of the organization of its pixels (how much the space is filled in). Box counting is one of the best known and employed methods for estimating the fractal dimension of objects and images [14] . For the images studied, this method was applied to regions segmented as "cell nuclei", with the understanding that, in the case of an inflammatory process, such as cellular rejection, the number of cell nuclei is progressively greater and more diffusely distributed with the increase in the degree of rejection. The multi-scale approach was achieved by overlaying a grid on the image analyzed. The aim was to obtain the number of squares necessary to cover the image [14] . For an myocardial biopsy image I as the input, the number of squares that contain part of the shape I, N r (I) depends on the size of the box r, equation (3) . The relation defined in equation (3) However, equation (4) imposes the calculation of a limit, in which box counting N r (I) is performed for different values of r (r 0 =max(height, width) and r i+1 = r i /2), [14] . The approximation of a straight line is obtained from the regression (log-log graph) of N r (I) (number of boxes occupied) by r (size of side of this box). It is possible to define D= as the fractal dimension of I [14] .
Lacunarity.
Lacunarity characterizes the way the pixels are distributed and organized in a given region of the image (quantifying how the space is filled in). Lacunarity is complementary to the fractal dimension, as shapes with the same fractal dimension may have different lacunarity values. One of the most popular methods for estimating lacunarity is the gliding-box method [14] [15] , which was used in the present study.
The process begins with a box with side r positioned in the upper left corner of the image and a count of the number of points in the image. This process is repeated for all the lines and columns of the image, producing a frequency distribution of the mass of the image. The number of boxes with side r containing a mass M of the image is designated by n(M,r), with the total number of boxes counted designated by N(r). This frequency distribution is then converted into a probability distribution F(M,r), equation (5). The first (A 1 ) and second (B 2 ) moments of this distribution are determined in equation (6) . Lacunarity (L) for a box of size r is defined in equation (7), [14] .
Image processing and comparison of parameters
The quantifications with fractal dimension and lacunarity were performed processing part of the image database of myocardial biopsies from heart-transplant patients provided by the Núcleo Transdisciplinar para Estudo do Caos e da Complexidade of the Faculdade de Medicina de São José do Rio Preto, Brazil. A total of 118 images with different grades of rejection were analyzed: 0R (22 images), 1R (24 images), 2R (29 images) and 3R (43 images). For the image processing, each biopsy was segmented using the automatic multilevel method proposed in Subsection 2.1 and the quantifications were performed using the methods described in Subsection 2.2.
To validate the proposed segmentation method, mean values were calculated of the thresholds, gray levels and total number of pixels contained in each class of the segmented structure. Three classes were considered in the images: cell nuclei or cellular rejection (Class 1), heart muscle tissue (Class 2) and interstitial space or absence of structures (Class 3). The values were determined in each class and compared with those provided by Otsu's method [7] . The quantification with fractal methods was for structures segmented as Class 1.
Means, standard deviations and confidence intervals were calculated (with a 95% confidence level) for the fractal dimension and lacunarity attributes. This procedure was performed for each rejection level (0R to 3R) in order to identify and understand the behavior in this type of image in light of the main attributes of fractal geometry. 
Results

Segmentation
The segmentation method proposed here and Otsu's method [7] were both applied to all images. The comparative results are displayed in tables 1, 2 and 3. Otsu's method provided significantly higher mean values of the thresholds, gray level and total number of pixels contained in each structure class. One possible explanation for this difference is that Otsu's method segmented muscle structures as being cell nuclei or cellular rejection, which had a negative influence over a possible pattern recognition or quantification step. Figure 3 illustrates the segmentation achieved with the proposed method and figure 4 allows comparing the results of the two segmentation methods. Table 1 . Mean threshold values obtained with proposed segmentation method and Otsu's method [7] . Two thresholds were identified for the segmentation of classes of interest.
Mean threshold values Classes 1 and 2 Classes 2 and 3
Otsu's method [7] 139 203 Maximum Entropy 70 240 Otsu's method [7] .
Quantification
The nuclei detected (both normal myocardial cell nuclei and nuclei of inflammatory cells found in states of rejection) in each group (0r to 3R) were quantified using the fractal dimension and lacunarity.
The results are displayed in tables 4 and 5. Figure 5 allows viewing the behavior identified, with overlapping between rejection levels. 
Discussion and Conclusions
Based on the model used, the proposed thresholding method allowed the appropriate segmentation of the myocardial biopsy images and more precise quantification of the regions of interest. In comparison to Otsu's method [7] , the proposed thresholding method achieved better results, as it allowed adjusting the parameters, such as class size and histogram slope percentage, thereby ensuring more appropriate thresholds. Otsu's method proved less flexible, with a tendency toward including heart muscle and cell nuclei (of both myocytes and inflammatory cells) in the same segmentation and higher thresholds. This behavior obviously implies an erroneous quantification, which did not occur with the thresholding methods proposed here. The purpose of the proposed model was the quantification of regions of interest in images of myocardial biopsies from heart-transplant patients. For such, fractal dimension and lacunarity attributes were used. Cardiac rejection can be correctly categorized if the values are close to the means of the levels (tables 4 and 5). This is no trivial task for cases in which the dimension or lacunarity is closer to the lowest or highest values of the sets. This observation is based on the existing overlapping between rejection levels (figure 5), which may be explained as intermediate states in regression or progression. Another characteristic was the fact that, although overlapping occurred between levels 0R or 1R, no overlapping was found between these levels and the more advance levels of cellular rejection (2R and 3R) (figure 5), suggesting diagnostic security and a good prognosis. Patients categorized as 2R or 3R merit special attention due to the possibility of a mistaken classification and the possibility of progression or regression in cardiac rejection. The quantification of these characteristics furnishes data that allow medical services to pay greater attention to heart-transplant patients with grade 2R, considering the evident possibility of confusion with grade 3R. This paper presented a study on cardiac rejection levels based on multilevel thresholding with maximum entropy, which ensured an appropriate quantification of each level in light of the fractal dimension and lacunarity. This method allowed the successful identification of the behavior of each cellular rejection level. These results are useful to the determination of earlier, more effective treatments, which could ensure a greater survival rate among patients submitted to heart transplantation.
